First parity calving difficulty scores from Italian Piemontese cattle were analysed using a threshold mixed effects model. The model included the fixed effects of age of dam and sex of calf and their interaction and the random effects of sire, maternal grandsire, and herd-year-season. Covariances between sire and maternal grandsire effects were modelled using a numerator relationship matrix based on male ancestors. Field data consisted of 23 953 records collected between 1989 and 1998 from 4741 herd-year-seasons. Variance and covariance components were estimated using two alternative approximate marginal maximum likelihood (MML) methods, one based on expectation-maximization (EM) and the other based on Laplacian integration. Inferences were compared to those based on three separate runs or sequences of Markov Chain Monte Carlo (MCMC) sampling in order to assess the validity of approximate MML estimates derived from data with similar size and design structure. Point estimates of direct heritability were 0.24, 0.25 and 0.26 for EM, Laplacian and MCMC (posterior mean), respectively, whereas corresponding maternal heritability estimates were 0.10, 0.11 and 0.12, respectively. The covariance between additive direct and maternal effects was found to be not different from zero based on MCMC-derived confidence sets. The conventional joint modal estimates of sire effects and associated standard errors based on MML estimates of variance and covariance components differed little from the respective posterior means and standard deviations derived from MCMC. Therefore, there may be little need to pursue computation-intensive MCMC methods for inference on genetic parameters and genetic merits using conventional threshold sire and maternal grandsire models for large datasets on calving ease.
Introduction
Calving ease has a significant economic impact on beef and dairy production through increased risk to the survival of both calf and cow (McGuirk et al. 1998) . The Italian Piemontese breed has a particularly high percentage of difficult calvings (Carnier et al. 2000) relative to reported estimates from other breeds (Varona et al. 1999; Bennett and Gregory 2001) . Accurate inference on genetic parameters and genetic merit are important precursors for effective sire selection strategies to improve calving ease.
The threshold mixed model developed by Gianola and Foulley (1983) is one example of generalized linear mixed models (Breslow and Clayton 1993) which has become increasingly popular for the multifactorial mixed effects analyses of non-normal phenotypes. There have been a number of recent studies illustrating advantages of threshold mixed models over linear mixed models for the analysis of ordinal calving ease data (Luo et al. 2001; Ramirez-Valverde et al. 2001) .
Empirical Bayes or maximum a posteriori (MAP) estimates of breeding values are based upon a joint maximization of the posterior density of fixed and random effects conditioned upon variance components being known, or set equal to their estimates . These MAP estimates are currently used for published genetic evaluations on calving ease (Berger 1994; Wang et al. 1997) . Variance components and their derivative genetic parameters in a threshold mixed model have been historically estimated using approximate marginal maximum likelihood (MML) techniques. One such technique is based upon an approximate invocation of the expectation-maximization (EM) algorithm as proposed by Harville and Mee (1984) and Stiratelli et al. (1984) . Some significant biases on heritability estimates using this algorithm were reported in simulation studies conducted by Hoeschele et al. (1987) , Hoeschele and Gianola (1989) and Simianer and Schaeffer (1989) , particularly when contemporary subclass sizes were small and genetic parameters were large in magnitude.
A second approximate MML algorithm is based on Laplace's method and was first adapted to animal breeding by Tempelman and Gianola (1993) . In a sire model simulation study, Tempelman (1998) determined that Laplacian MML estimates tended to be much less biased than EM MML estimates of variance components. Since the Laplacian procedure is analogous to the derivative-free restricted maximum likelihood (REML) procedure introduced by Graser et al. (1987) , it also facilitates hypothesis testing of variance components via marginal likelihood ratio tests (Tempelman 1998) .
Markov Chain Monte Carlo (MCMC) techniques allow small sample inference and have been utilized in animal breeding and genetics (Hoeschele and Tier 1995; Sorensen et al. 1995; Varona et al. 1999; Luo et al. 1999; Luo et al. 2001) . The relative improvements in properties of MCMC point estimates (posterior means) of variance components relative to approximate MML estimates from data characterized by small contemporary subclass sizes have been demonstrated in simulation studies by Hoeschele and Tier (1995) , although differences were shown to be increasingly smaller with larger sample sizes. Even so, in the largest simulated dataset considered by Hoeschele and Tier (1995) , herd-year-season (HYS) subclasses were large in average size ð> 50Þ and maternal effects were not considered. In contrast, many breed association datasets used for genetic evaluations are large yet characterized by many small contemporary subclass sizes. The computing requirements for MCMC are not trivial for large datasets, and the need for MCMC, not only for inference on variance components but as well as on breeding values, needs to be validated. Furthermore, execution of MCMC requires far greater care than conventional MAP implementations for national genetic evaluations.
The objectives of this study were: (i) to determine and compare variance component and corresponding genetic parameter estimates for calving ease scores in an Italian Piemontese population using the two MML procedures (EM and Laplace), and MCMC based on a threshold sire-maternal grandsire model; (ii) to compare conventional MAP estimates of breeding values and approximate standard errors with corresponding MCMC posterior means and standard deviations in order to assess the relative need for MCMC methods in a national genetic evaluation system for calving ease; and (iii) to demonstrate the utility of a MetropolisHastings (MH) update on improving MCMC mixing on the threshold parameters.
Materials and methods

Data
First parity calving ease scores recorded on Italian Piemontese cattle from January 1989 to July 1998 by Associazione Nazionale Allevatori Bovini di Razza Piemontese (ANABORAPI), Strada Trinità 32a, 12061 Carrù , Italy, were used in this study. Only herds with at least 50 records over that time period were considered, leaving a total of 23 953 records. Calving difficulty was coded into five categories by breeders and recorded by technicians who visited the farmers monthly: (1) unassisted delivery (2) assisted easy calving (3) assisted difficult calving (4) caesarean section and (5) foetotomy. Categories 4 and 5 were combined for analyses, as the incidence of foetotomy was less than 0.5%. The general frequencies of first parity calving ease scores in the data set were 2747 (11.47%) for unassisted delivery, 14 131 (58.99%) for assisted easy calving, 3683 (15.38%) for assisted difficult calving and 3392 (14.16%) for caesarean section and foetotomy.
The effects of age of dam and sex of calf and their interaction were modelled by combining eight different age groups (20-23, 23-25, 25-27, 27-29, 29-31, 31-33, 33-35, and 35-38 months) with sex of calf for a total of 16 nominal subclasses. HYS subclasses were created from combinations of herd, year, and two different seasons (from November to April and from May to October) as in Carnier et al. (2000) , except that HYS was treated as random in this study.
The total number of identified sires in the pedigree file was 9090. A total of 1817 of these sires were identified as being both calf sires and calf maternal grandsires, thereby indicating the density of genetic relationships accruing from selection over time. After pedigree pruning (i.e. treating as unknown those sires that do not have daughters with calving ease records and appear in the pedigree file only once), the number of sires that uniquely contributed to inference on genetic parameters and breeding values was determined to be 3624.
Threshold model
Calving ease scores are determined by unobserved underlying continuous variables or liabilities and a set of fixed thresholds, s 1 < s 2 Á Á Á < s mÀ1 , with s 0 ¼ À1 and s m ¼ 1, where m is the number of categories. An observed calving ease score is dependent upon underlying variable, which is bounded between two unobserved thresholds (Gianola and Foulley 1983) . More specifically, calving ease scores y i for individual i, in this study are defined by the following bins for U i , the underlying liability for individual i:
211 Bayesian inference strategies for the prediction of threshold models A linear model is used to characterize the distribution of the unobserved liabilities:
where U is a n Â 1 vector of liabilities on calving difficulty, g ¼ EðUÞ is the vector of mean liabilities, and e is a vector of liability residuals with ejr 2 e $ Nð0; Ir 2 e Þ. In addition to the specifications on s 0 and s 4 , identifiability constraints require that one of s 1 , s 2 , or s 3 be set to an arbitrary constant; in this case, we set s 1 ¼ 0 such that the vector of estimable thresholds is
An additional identifiability constraint was satisfied by setting r 2 e ¼ 1 (Gianola and Foulley 1983) .
The mean liability is written as a linear combination of fixed and random factors as typical of a sire and maternal grandsire model,
where b is a p Â 1 vector of fixed intercept and age-sex effects, s is a q a Â 1 vector of random sire effects, m is a q a Â 1 vector of random maternal grandsire (MGS) effects, h is a q h Â 1 vector of random HYS effects, and X, Z 1 , Z 2 , and Z 3 are known incidence matrices. We assume:
with r 2 s denoting the sire variance, r 2 m denoting the maternal grandsire variance, r sm denoting the sire-maternal grandsire covariance, and r 2 h denoting the HYS variance. Furthermore, denotes the Kronecker product (Searle 1982) , and A is the numerator additive relationship matrix between sires due to identified male ancestors (Henderson 1976) . Also, h is assumed independent of s and m.
MML using the EM approach
Variance components were first estimated by MML using the EM-type algorithm of Harville and Mee (1984) . Applied to the problem at hand, the EM algorithm is based on iterating through h ; yÞ, readily determined using scoring methods as presented by Gianola and Foulley (1983) . In our study, Newton-Raphson was used to computeĥ h based on Fortran 90 program that implemented FSPAK90 (Misztal and Perez-Enciso 1998) due to the dimension and sparsity ofC C.
At convergence, the resulting MML estimates are asymptotically considered to be joint maximizers of pðr 2 s ; r 2 m ; r sm ; r 2 h jyÞ, the joint posterior density of the variance/ covariance components. Convergence was determined to occur when the absolute difference in all MML estimates from one iterate to the next was less than 10 À6 . Further details and examples on the implementation of this MML technique invoking EM in animal breeding can be found in Foulley et al. (1987) and Hoeschele et al. (1987) .
Laplace's method
Laplace's method was the second approximate MML technique applied to the data. Details on implementing Laplace's method for variance component estimation in generalized linear mixed models are provided in Tempelman and Gianola (1993) and in Tempelman (1998) . Applied to the problem at hand, Laplace's method is based on maximizing the following approximate log marginal joint density of the (co)variance components. 
where n is the total number of observations. The MML estimates of the variance components that jointly maximize (5) were determined using the simplex algorithm (Nelder and Mead 1965) , as previously implemented for derivative free REML (Meyer 1989) . Convergence was assumed when the variance of the values of log p r 2 s ;r 2 m ;r sm ;r 2 h jy À Á in the simplex was less than 10 À6 . In order to control the probability of converging to a local maximum, the simplex algorithm was restarted once from the first set of converged estimates.
Smith and Graser (1986) presented a method for deriving asymptotic standard errors of variance components for derivative-free REML that could be adopted in Laplace's method, doing so jointly for all variance components. We determined this joint assessment to be numerically unstable for our problem. Therefore, approximate standard errors of the Laplace MML estimates were derived separately for each component by holding each of 
h ; yÞ via Newton-Raphson with the variance components set equal to their approximate MML estimates (EM-based method and Laplace's method). Asymptotic standard errors of the MAP estimate of s were determined as the square roots of the diagonal elements ofC C ss evaluated at the MML estimates of the variance components.
Formal hypothesis testing was carried out on each (co) 
Markov Chain Monte Carlo (MCMC)
The same model was considered here as with the approximate MML/MAP procedures previously outlined. The same MCMC procedures as outlined by Albert and Chib (1993) and adapted to animal breeding by Sorensen et al. (1995) were applied here with one important exception. The threshold parameters in s were sampled jointly using the multivariate MH update presented by Cowles (1996) . In agreement with the simulation studies by Cowles (1996) , the Cowles MH update facilitated considerably faster mixing on the threshold parameters relative to sampling from univariate full conditionals on s 2 and s 3 , as presented by Albert and Chib (1993) . This issue is not trivial since the slowest mixing parameters in previous MCMC threshold model analyses are generally the threshold parameters (Sorensen et al. 1995; Varona et al. 1999) . Flat priors were invoked on the fixed effects and on the variance components.
Three separate MCMC chains of 85 000 cycles were generated. Starting values for parameters in chain 1 were based on Laplace estimates of variance components. In chain 2, starting values were set equal to each Laplace variance component estimate plus three times the corresponding asymptotic standard error whereas for chain 3, starting values were set equal to each Laplace variance component estimate minus three times the corresponding asymptotic standard error. After discarding the first 5000 cycles within each chain as 'burnin' (Gelman and Rubin 1992) , each set of the remaining 80 000 cycles within each chain were subsequently saved to determine the marginal posterior density of each variance component and identifiable threshold parameters and to determine the posterior means and standard deviations of each location parameter.
Generally, MCMC implementations are most problematic for variance component and threshold parameters in terms of convergence and mixing (Sorensen et al. 1995) . Convergence diagnostics were assessed for each variance component and threshold parameters by computing the potential scale reduction factorR R of Gelman and Rubin (1992) throughout burn-in. This diagnostic is based on an anova technique that computes the ratio of between chain variability to within chain variability, and which should approach 1 at convergence. The effectiveness of MCMC mixing after burn-in was determined by effective sample size (ESS) of the samples (Hoeschele and Tier 1995; Sorensen et al. 1995) using the initial positive sequence estimator (Geyer 1992) . The ESS is an estimate on the information content of the MCMC samples in terms of an equivalent number of independent samples.
Inference on heritabilities and genetic correlations
Point estimates and posterior densities of the additive direct variance r 2 D , additive maternal r 2 M variances, and the corresponding direct-maternal covariance r DM can be derived from r 2 s , r 2 m and r sm (Manfredi et al. 1991a, b; Matos et al. 1994; Luo et al. 1999) , using 
The phenotypic variance ðr 2 P Þ is defined by
Inferences on additive direct ðh 2 D Þ and maternal ðh 2 M Þ heritabilities and the direct-maternal genetic correlation ðr DM Þ were further determined using the following relationships:
. Note that with HYS treated as random and hence r 2 h included as part of r 2 P , the heritabilities estimated in this study are effectively reported as 'across-herd' heritabilities rather than as 'within-herd' heritabilities as would be for the case when HYS are treated as fixed.
Results and discussion
Assessment of MCMC convergence and mixing
Based on the raw trace plots of samples from 85 000 cycles and Gelman and Rubin'sR R computed from the three chains, it was determined that 5000 cycles was a sufficiently long burn-in period for all dispersion and threshold parameters and within all chains; i.e., the length of the burn-in period was enough to eliminate the effect of the different starting ESS is the combined effective sample sizes based on the sum of determinations from three independent MCMC chains post burn-in, each based on 80 000 samples.
values. TheR R values for the slowest mixing parameters (variance components and threshold parameters) were all equal to 1.00 by the end of the burn-in period. The estimated ESS for each variance component and threshold parameter is given in Table 1 and is based on a sum of separate determinations from each of the three separate chains. The ESS for these parameters ranged from 1705 to 6953, indicating sufficient MCMC mixing. Several animal breeders have recently suggested 100 as the minimum ESS for reliable statistical inference (Uimari et al. 1996; Bink et al. 1998 ). The ESS of 3211 and 3110 for s 2 and s 3 , respectively, were found to be higher than that for the variance components and considerably higher than what has been determined for threshold parameters in comparable MCMC studies (Varona et al. 1999; Luo et al. 2001) . Again, improved mixing was most likely due to the Cowles MH update.
Variance component inference
Point estimates of variance components based on MML using EM, Laplace's method and based on posterior means, modes and medians using MCMC are given in Table 2 . The median has been suggested (Raftery and Lewis 1992) as a more robust point estimator compared to the posterior mean. However, this study demonstrated no appreciable differences between the posterior mean, mode, and median of parameters since the posterior distributions of variance components and threshold parameters were nearly symmetric. The point estimates from the three independent MCMC chains were, as expected, highly repeatable (not shown) because of the individually large ESS.
In this study, the EM MML method produced very slightly lower point estimates of variance components compared to the Laplace MML method, which in turn lead to slightly lower estimates relative to any of the MCMC point estimates. These results are in agreement with what was anticipated given the simulation study results of Tempelman (1998) . That is, genetic variance estimates based on the use of the EM MML method may be slightly biased downwards. Nevertheless, there appeared to be no significant difference in these estimates between all three methods in this study.
All likelihood ratio tests (test statistics not presented) based on Laplace's method indicated that all components of variance and covariance ðr 2 s ; r 2 m ; r sm ; r 2 h Þ were statistically significant ðp < 0:0001Þ. Furthermore, the asymptotic standard errors of the Laplace MML estimates closely corresponded to the posterior standard deviations determined using MCMC, thereby suggesting that the joint posterior density of the variance components was close to being multivariate normal. Further evidence of this is indicated by the 95% posterior probability intervals being nearly symmetric about the respective posterior means. Table 2 also indicates that maternal genetic variability for calving difficulty is appreciable in Piemontese cattle. However, there was no evidence to support a non-zero additivematernal covariance.
Heritabilities and genetic correlations
Inferences on direct and maternal heritabilities and the genetic correlation are presented in Table 2 . Point estimates of the heritabilities and genetic correlation obtained from the MCMC algorithm were similar across all chains and estimation methods (posterior mean, mode and median). These results indicated that the posterior distributions of genetic parameters were nearly symmetric. As with the variance components, the EM MML estimates were found to be slightly lower than the Laplace MML estimates and the various MCMC point estimates.
Our heritability estimates were similar to findings of Varona et al. (1999) who used a threshold animal model with direct and maternal effects, but they were substantially higher than the threshold model estimates reported by Manfredi et al. (1991a, b) , McGuirk et al. (1998 McGuirk et al. ( , 1999 , Luo et al. (1999) , and Bennett and Gregory (2001) . The genetic correlation did not appear to be statistically significant; nevertheless, the 95% posterior probability interval was extensive (i.e. from À 0:29 to 0.25). In contrast, significantly negative directmaternal genetic correlations have been reported using threshold models (Luo et al. 1999; Bennett and Gregory 2001) and linear models (Carnier et al. 2000) for the analysis of calving ease.
Carnier et al. (2000) used a linear mixed model to analyse a dataset from a source virtually identical to that used in this study and reported lower heritability estimates and a significantly negative genetic correlation estimate compared to estimates reported in Table  2 . In field data studies of various categorical traits in animal breeding, Weller et al. (1988) , Olsen et al. (1994) , Matos et al. (1997) , and Varona et al. (1999) also found that linear model heritability estimates were smaller than threshold model heritability estimates, as anticipated from theory (Dempster and Lerner 1950) . Our results suggest that selection of sires for calving ease of their progeny should not result in antagonistic maternal effects over successive generations. The differences in results from Carnier et al. (2000) may be based on model specification (i.e. threshold sire and maternal grandsire versus linear animal model; fixed versus random HYS effects) and substantial differences in data editing. Nearly twice as many records were used by Carnier et al. (2000) whereas the current study concentrated on herds having 50 or more records over the same time period. To investigate the impact of the HYS specification further, data were analysed with two linear mixed (sire-maternal grandsire) models, treating HYS as fixed in one case and as random in the other. Treating HYS as fixed in a threshold mixed model was not feasible due to the extreme category problem (Hoeschele and Tier 1995) . A statistically significant genetic estimate of À0:72 was found with fixed HYS effects whereas a non-significant genetic correlation estimate of À0:05 was estimated when HYS were treated as random. This implies that the direct-maternal genetic covariance may be heterogeneous across different environments (i.e. different herds) and particularly influenced by herd size since fixed versus random HYS specifications should lead to similar results for large herds.
Comparison of inferences on sire effects
Empirical Bayes or MAP estimates of sire effects were computed by maximizing the joint density of fixed and random effects conditioned upon estimated variance components by 217 Bayesian inference strategies for the prediction of threshold models EM and Laplacian algorithms; the respective MAP sire effect estimates are labelled MAP-EM and MAP-Laplace. Posterior means of solutions were determined to be corresponding point estimates of sire effects using MCMC. The Pearson and rank correlations between these estimates were computed and found to be greater than 0.99 between MAP-EM and MAP-Laplace, between MAP-EM and MCMC, and between MAP-Laplace and MCMC; i.e. there were no substantial differences in ranking. A simple linear regression involving estimated sire effects of MCMC on MAP-EM, MCMC on MAP-Laplace and MAPLaplace on MAP-EM indicating regression slope estimates only slightly different from 1, respectively, 1.06, 1.03 and 1.03. Wang et al. (1997) illustrated a similar relationship in a simulation study whereby the regression coefficient of MAP on MCMC-derived posterior means for direct genetic effects was slightly greater than 1, i.e. 1.08. They also determined the corresponding correlation to be high ð> 0:99Þ.
Posterior standard errors of the sire effects can be used to derive approximate accuracies of estimated genetic merits. These standard errors were determined as the standard deviation of the samples from MCMC and from the square root of the diagonals of C ss , based on both EM and Laplace estimates of variances. Simple linear regression analyses of these standard errors based on MCMC versus MAP-EM, MCMC versus MAP-Laplace and MAP-Laplace versus MAP-EM, resulted in intercepts not different from 0 but estimated slopes of 1.09, 1.03, and 1.07, respectively, indicating that the posterior standard errors were on average larger under MCMC than under MAP estimates. This was anticipated as uncertainty on the variance components is accounted for in fully marginal inference using MCMC but not so in MAP. In all cases, the correlation between the estimated standard errors was near 1.
Conclusions
In spite of the results of several smaller simulation studies, our work showed that there were no appreciable differences between approximate MML/MAP versus MCMC methods for inferences on genetic parameters and genetic merit on calving ease under a threshold sire and maternal grandsire model and derived from a relatively large data set. Furthermore, MCMC mixing was substantially improved relative to previously published implementations due to the use of a joint MH update for the threshold parameters. Maternal genetic variation was estimated to be an important source of variability although the genetic correlation between direct and maternal effects was not significant. The impact of random versus fixed HYS effects on the estimates of this genetic correlation warrants further study.
Hence, there does not appear to be a pressing need to use MCMC methods for national genetic evaluations of calving ease based on conventionally specified threshold and maternal grandsire sire models. However, this may not be true for animal model specifications.
